This study proposes an evaluation framework to identify the optimal raingauge network in a watershed using grid-based quantitative precipitation estimation (QPE) with high spatial and temporal resolution. The proposed evaluation framework is based on comparison of the spatial and temporal variation in rainfall characteristics (i.e. rainfall depth and storm pattern) from the gauged data compared with those from QPE. The proposed framework first utilizes cluster analysis to separate raingauges into various clusters based on the locations and rainfall characteristics. Then, a cross-validation algorithm is used to identify the influential raingauge in each cluster based on evaluating performance of fitting weighted spatiotemporal semivariograms of rainfall characteristics from the gauged rainfall to the QPE data. Thus, the influential raingauges for a specific cluster number form the representative network. The optimal raingauge network is the one corresponding to the best fitness performance among the representative networks considered. The study area and data set are the hourly rainfall from 26 raingauges and 1,336 QPE grids for 10 typhoons in the Wu River watershed located in central Taiwan. The proposed evaluation framework suggests that a 10-gauge network is the optimal and can describe a good spatial and temporal variation in the rain field similar to the grid-based QPE from two additional typhoon events.
INTRODUCTION
Rainfall data are essential in many hydrological analyses and hydraulic engineering designs, such as frequency analysis, rainfall-runoff analysis, and stormwater drainage design. For example, the water level used in designing a hydraulic structure, such as a levee, is estimated by using a rainfallrunoff model and flood wave propagation model with the design areal average rainfall hyetograph estimated from the raingauge network (Wu et al. ) . Accurate estimation in the spatial distribution of rainfall requires a dense network, which entails large installation and operational costs, but reduces the opportunity of project failure (AI-Zah- Kriging method is a group of geostatistical techniques used to interpolate the value of a random field at an unobserved location from observations of its value at nearby locations.
In the geostatistics method, each gauge is sequentially treated as an unobserved location, and its rainfall depth is estimated by using the Kriging equation. By comparing the estimations with true observed values, the Kriging error can be calculated. Recently, a number of advanced methods have been developed for quantifying the variogram, such as genetic programming (e.g. Adhikary et al. a, b) and the artificial neural network (e.g. Teegavarapu ). Eventually, the raingauge network associated with relatively small errors is identified as an optimal network. With respect to the information entropy method, Shannon's entropy proposed a measure of information concept, which depends on the current level of knowledge or uncertainty and the information entropy for the rainfall at each raingauge in the catchment (Shannon ) . This entropy is calculated after all raingauges are reconstructed, and the one with the maximum entropy is selected as an important gauge. After that, the optimal raingauge network is composed of all important gauges. A number of investigations combines the above two methods to determine the spatial distribution of raingauges in a catchment (e.g. Chen et al.
; Awadallah ).
In addition to the above two methods The aforementioned methods mostly focus on the assessment of the total rainfall amount measured at the raingauges during specific durations, such as annual rain- Since the radar grid-based data have high spatial and temporal resolution, they should well describe the change in rainfall in time and space represented in terms of the spatiotemporal semivariogram. Therefore, this study intends to treat the radar grid-based data as the reference data set to propose a framework for evaluating the raingauge network. The proposed evaluation framework is developed based on quantifying the fitness performance of the spatiotemporal semivariogram of rainfall characteristics (rainfall depth and storm pattern) calculated from grid-based and gauged rainfall data, respectively. In detail, the evaluation would be carried out by assessing the degree of fitting the spatiotemporal semivariograms from the gauged data to that from the radar gridbased data. It is expected that the resulting fitness performance can provide helpful information on existing raingauges in the watershed so as to identify an optimal raingauge network.
The optimal network can describe the variability of rainfall in time and space in a similar manner to the grid-based radar rainfall data.
METHODOLOGY Basic concept
In theory, rainfall data are regarded as the spatial and temporal variables, so this study attempts to apply the geostatistics theory to evaluate the quality of the existing raingauge network. The evaluation is carried out by comparing the variation in gauged and radar rainfall in time and space. In general, the spatial and temporal variation of data can be quantified in terms of the spatiotemporal semivariogram. Therefore, this study utilizes the gauged and radar rainfall data, respectively, to calibrate parameters of the theoretical semivariogram models in order to estimate the spatiotemporal semivariogram. The resulting spatiotemporal semivariograms from the gauged data are compared based on its fitness performance to those from radar rainfall.
Although the number of raingauges in a watershed can be decided in advance according to the WMO's guideline (1994) , it is difficult to identify which raingauges can contribute to the appropriate network. Therefore, this study first applies cluster analysis to classify the raingauges into different groups for a specific cluster number according to the gauge locations and rainfall characteristics (i.e. rainfall depth and storm pattern). Cluster analysis groups a set of objects in such a way that the objects in the same group In detail, all raingauges in the watershed are classified into several groups using cluster analysis. In each cluster, a raingauge is randomly selected as the validation gauge.
The remaining raingauges serve as the calibration gauges in which the associated gauged rainfall data are used in the calibration of the theoretical semivariogram models.
Subsequently, the iterations of extracting raingauges as the validation gauges are performed and the corresponding fitness performance indices of the semivariograms for the rainfall characteristics are calculated, excluding the rainfall data from the validation gauge. If an excluded raingauge for a specific cluster results in the worst fitness performance, this gauge can be defined as the influential one. In other words, the varying trend of rainfall in time and space from the gauge network without the influential gauge might obviously differ from those calculated using the radar rainfall. Accordingly, the influential raingauges in all clusters for a specific number of clusters can form the representative raingauge network.
The cluster analysis and cross-validation algorithm should be carried out for various numbers of clusters to find the corresponding representative raingauge network.
Then, by recalculating the fitness performance with the rainfall data from the representative raingauge networks considered, the resulting optimal network should be the representative raingauge network in association with the best fitness performance. The graphic illustration of the proposed evaluation framework is shown in Figure 2 and the relevant theories and methods used are introduced in the following.
Spatiotemporal semivariogram model

Theoretical semivariogram model
The spatiotemporal semivariogram model is widely applied to deal with the spatially and temporally correlated variable (Gneiting et al. ) . The spatiotemporal semivariogram γ st h s , h t ð Þis expressed as:
where h s and h t represent the distance and time lag, respectively, and Z(x,t) denotes the spatiotemporal variable at time t and position x. Table 1 ). This study therefore adopts the product-sum method to calculate the spatio-temporal semivariogram of Z(x,t).
The concept of the spatiotemporal semivariogram model is briefly described below.
The product-sum spatio-temporal semivariogram
Þis defined in terms of a separate spatial semivariograms γ s h s ð Þ and temporal semivariogram γ t h t ð Þ as:
where C s and C t are the spatial and temporal covariances, respectively, and C s (0) and C t (0) stand for sills, which are defined as the limit values for the semivariograms; they are generally used as the parameters of theoretical semivariogram models. k 1 , k 2 and k 3 are the coefficients and they can be computed using the following equation 
Note: c and a denote the sill and influence ranges and h denotes distance (Davis 1973) . 
where C st (0,0) denotes the sill of the spatio-temporal semivariogram and, generally, is adopted as the maximum of C s (0) and C t (0). In addition, this study implements parameter calibration by means of the modified genetic algorithm method based on the sensitivity to the parameters (Wu et al. ) with an objective function F obj as:
where N ds is the number of distance ranges; N p (h i ) is the number of pairs within the lag h for the ith distance range; Namely, the fitness of the estimated semivariogram to the experimental ones increases. Therefore, this study defines the weighted factor w sm as a function of the inverse of the objective function value F obj . Note that the sum of w sv should be equal to one. Figure 3 shows a graphical illustration of theoretical semivariogram models and the weighted semivariogram model.
Fitness performance indices
In this study, the evaluation of a raingauge network is accomplished based on the comparison of the resulting spatiotemporal semivariograms of rainfall characteristics from radar and gauged rainfall data. Thus, the fitness performance indices, which compare the model on results from various systems or data resources, should be required. This study applies the root mean square error (RMSE) to quantify the fitness degree of spatiotemporal semivariograms of rainfall characteristics as follows:
where γ w,r x i ð Þ and γ w,g x i ð Þ denote the weighted spatiotemporal semivariograms of rainfall characteristics calculated from the radar and gauged rainfall and N SV is the number of separation distances defining the semivariogram diagrams.
Note that a small RMSE indicates that an adopted semivariogram calculated using the gauged rainfall data is closer to those using the radar rainfall data. Since this study focuses on the spatial and temporal variation in the rainfall characteristics (i.e. rainfall depth and storm pattern), the performance index RMSE can be regarded as RMSE rd and RMSE sp , respectively, for the rainfall depth and storm pattern.
In addition to the RMSE, this study employs the crossvalidation algorithm jointly with the Akaike information criterion (AIC) (Akaike ), which measures the relative goodness-of-fit of a statistical model to find the influential raingauges. The AIC is defined as:
where k par is the number of parameters in the model, and L f stands for the value of the likelihood function. Since the likelihood function is difficulty derived for a complicated model, Equation (7) can be rewritten using the difference between the model outputs and observations as:
where RSS is the residual sums of the square errors of the model's outputs and n data is the number of observations. In
Equation (8), the AIC has a clear interpretation in model fitting.
That is, the first term on the right hand side is a measure of lackof-fit of the model of interest, whereas the second term measures the increased unreliability of the chosen model attributed to the increased number of model parameters. According to the model concept mentioned above under the section 'Basic concept', the influential raingauge results in the worst fitness performance of semivariograms for rainfall characteristics.
Therefore, the influential raingauge is the one that achieves the maximum AIC value in a cluster:
in which n gauge represents the number of gauges. Since two AIC values (AIC RMSE rd and AIC RMSEsp ) are considered for determining the influential raingauge, this study uses a weighted objective function (Madsen ) to calculate the weighted average AIC wavg as:
The cross-validation algorithm with AIC wavg is carried out to select the raingauges which significantly affect the temporal and spatial variation in rainfall under a specific number of clusters. In detail, the influential raingauge in a cluster can be selected in association with the maximum AIC wavg . Then all influential raingauges form the representative raingauge network under a specific number of clusters.
After that, the AIC wavg values are recalculated using the gauged rainfall data from the representative raingauge networks under various numbers of clusters. Since the best-fit model is associated with the minimum AIC value (e.g.
Mutua ), the resulting optimal raingauge network should be the one which achieves the minimum AIC wavg value among the representative networks considered.
Evaluation framework
In summary, this study attempts to incorporate the crossvalidation algorithm with the weighted semivariogram model to establish the semivariogram diagram of rainfall depth and storm pattern using the radar measurement and gauged rainfall data, respectively. Evaluation of the raingauge network for finding the influential raingauges can be accomplished by comparing the fitness performance index (RMSE) and the AIC for the spatiotemporal semivariograms of rainfall characteristics. Therefore, based on the above model concept and methods adopted in this study, the proposed evaluation framework can be summarized as follows:
Step [1]: Collect the hourly gauged and radar rainfall data from all gauges and extract the rainfall depth and storm pattern (i.e. rainfall characteristics) (see Figure 1 ).
Step [2]: Classify the raingauges into several clusters through cluster analysis with the locations of the gauges and rainfall depth and storm pattern for a specific number of clusters.
Step [3]: Use Equation (5) to estimate weighted theoretical spatiotemporal semivariograms of the rainfall characteristics from the radar rainfall as the reference base.
Step [4]: Follow the cross-validation algorithm to select a raingauges in each cluster as the validation gauge, and the remaining gauges are calibration gauges.
Step Accordingly, the corresponding AIC values are computed as AIC RMSE rd and AIC RMSEsp using Equation (9).
Step [6]: Calculate the weighted average of AIC RMSE rd and AIC RMSEsp (i.e. AIC wavg ) using Equation (10) to determine the influential gauge in a cluster in association with the maximum AIC wavg . Finally, all influential gauges are composed of the representative raingauge network for a specific number of clusters.
Step [7] : Repeat to Steps [2]-[6] for other numbers of clusters, the representative raingauge network for various cluster numbers could be obtained.
Step [8] : Recalculate the AIC wavg values using gauged rainfall data in various representative networks. By examining the AIC wavg , the optimal raingauge network should construct the representative one associated with the minimum AIC wavg .
RESULTS AND DISCUSSION
Study area and data set
The study area, the Wu River watershed, is located in central raingauges (see Figure 4 and Table 2 ). In Taiwan, the QPE- Taiwan, they have been corrected based on the gauged rainfall data (Wu et al. a, b) . Thus, using the gauged data, the QPE data can be effectively corrected, and this results in fewer uncertainties in the QPE (e.g. Abdella & Alfredsen ). Therefore, in this study, the QPE data are treated as the grid-based rainfall data used in the model development.
SUMS (Quantitative Rainfall Estimation Using Multiple
The QPESUMS provides 1,336 grids of QPE rainfall data in the Wu River watershed.
To consider the effect of the strength of data on the rainfall distribution in time and space, the gauged rainfall from 26 raingauges and QPE from 1,336 QPESUMS grids among 10 typhoon events (see Table 3 
Rainfall characteristics analysis
According to the proposed evaluation framework, the rainstorm events should be characterized in advance. (Cui-Feng gauge). As for the advanced and delayed storm pattern, their maximum dimensionless rainfalls are at earlier and later time steps, respectively, such as with EV1 and EV9 at RG9 (Kun-Yang gauge) and RG11 (Taichung gauge). This implies that the storm pattern not only varies with location, but also changes with time. That is to say, the uncertainties probably exist in the storm pattern in time and space.
Comparison of spatiotemporal semivariograms for rainfall characteristics
In this section, the semivariograms of rainfall characteristics are calculated from the gauged rainfall and QPE data, respectively, for 10 typhoon events to analyze their differences. As mentioned earlier, the rainfall depth serves as the spatial variable and the storm pattern is the spatial and temporal variable. Therefore, the spatial and spatiotemporal semivariogram should be taken into account to quantify the spatial and temporal variation in rainfall characteristics.
However, several investigations have indicated that the rainfall depth calculated using QPE data possibly departs Coning ). Therefore, this study uses the dimensionless rainfall depth in the computation of spatial semivariograms as:
where d i is the rainfall depth at the ith gauge, and N g is the number of gauges in a watershed. Then, the spatial semivariogram for the QPE and gauged rainfall depth can be calculated from the aforementioned nondimensionalized values. Figure 9 presents the spatial semivariogram for the rainfall depth calculated from the QPE and gauged data, respectively. It is seen that spatial semivariograms from gauged rainfall data approach those obtained from the QPE data, except for EV1 and EV3. Also, the results from the comparison in spatiotemporal semivariograms randomly change with the rainstorm events.
Since the storm pattern belongs to the spatial and temporal variate, spatiotemporal semivariograms are required to quantify the variation for rainfall in time and space.
Since a spatiotemporal semivariogram is a two-dimensional variable, it is related to location and time. This study compares the difference between the spatiotemporal semivariogram from the QPE and gauged data, respectively, by calculating their relative ratio as shown in Figure 10 .
It can be observed that the angle of the relative-ratio line of the spatiotemporal approximates 45 W for EV10. The spatial and temporal variations in the storm pattern from the gauged data approaches those from QPE data. In other words, the temporal and spatial changes in the storm pattern extracted from gauged data resemble those from the QPE data. However, for EV2, the angle of the relative-ratio line exceeds 45 W ; this means that the spatiotemporal semivariograms for the storm pattern from the gauged data are higher than those from the QPE data.
The same results can also be seen for other rainstorm events.
The above results reveal that there are significant variations in the rainfall depth and storm pattern extracted from the gauged rainfall data in time and space as compared with those from QPE data. To compare spatiotemporal semivariograms estimated from the 10 rainstorm events, the average values of the fitness performance indices (i.e.
RMSE and AIC) are required for identifying the representative raingauge network.
Identification of influential gauges
The proposed framework identifies the influential gauges and corresponding representative raingauge networks by carrying out cluster analysis and cross-validation. In cluster analysis, seven numbers of clusters, including 5-, 8-, 10-, 13-, 15-, 18- and 20-cluster networks, are considered and 10-clusters network are illustrated for identifying the influential raingauges. Table 4 presents the classification of all raingauges through the cluster analysis. It is known that single gauges (Cao-Tun gauge and Zhang-Hu gauge) are classified into the 4th and 10th clusters, so they are defined directly as the influential gauges in the 4th and 10th clusters, respectively. -840.9) . Therefore, the Zhong-Pu RG19  2  2  2  2  2  16  19   RG20  2  2  2  2  2  2  20   RG21  2  2  2  2  2  2  20   RG22  5  5  5  5  5  5  5   RG23  5  6  6  6  6  6  6   RG24  1  6  6  6  6  6  6   RG25  5  5  5  5  13  13  13   RG26  3  3  3  3  3  3  3 Note: '1', '2', and '20' mean the 1st cluster, 2nd cluster and 20th cluster.
gauge should be identified as the influential gauge in the 3rd
cluster. Using the same method as the aforementioned, the influential gauges in other clusters can also be determined as show in Figure 11 . It can be seen that the 10 influential raingauges, the Qing-Liu gauge ( 
Establishment of the representative raingauge network
The same procedure as for the 10-gauge network is carried out to determine the representative raingauge networks for 5-, 8-, 13-, 15-, 18-and 20-gauge networks as shown in Figure 12 . To find the optimal network, the AIC wavg are recalculated using the rainfall data from the influential gauges within the representative networks. Figure 13 shows the AIC wavg corresponding to the representative raingauge networks for seven numbers of clusters. It reveals that the AIC wavg decreases from the 5-cluster network (about -858) to the 10-cluster network (approximately -991.2), and increase to the 20-cluster network (about -72.5). Since the best-fit model is associated with the minimum AIC value, the 10-gauge raingauge network can be selected as the optimal network in the Wu River watershed.
In order to demonstrate the optimal 10-gauge network, this study utilizes two additional rainstorm events tern from the QPE data with those from and gauged data in all gauges and the optimal network, respectively. Note that the spatiotemporal semivariograms calculated from rainfall data at all raingauges (on average 1.84) significantly depart from those from the QPE data. Moreover, Figure 15 shows the relative-ratio line for the spatiotemporal semivariogram from gauged rainfall data in all raingauges and the optimal network, respectively. This reveals that the semivariograms for the optimal network are closer to those calculated from QPE data than those based on all gauges.
The RMSE of the rainfall depth (0.01) and the storm pattern (0.002) for the optimal network are, respectively, significantly less than those for all gauges, 0.13 (rainfall depth) and 0.066 (storm pattern). As a result, the optimal 10-gauge network in the Wu River watershed determined using the proposed evaluation framework can provide the rainfall characteristics, of which spatial and temporal variation resemble those results from the grid-based QPE.
CONCLUSIONS
This study proposes an evaluation framework to identify the influential raingauges which can form the representative raingauge network by integrating cluster analysis with using QPE data and gauged rainfall data from all gauges and the optimal 10-gauges network.
